To understand how consumers respond to continuous hedonic experiences (ranging from viewing a TV show to a painful medical procedure), researchers often collect continuous consumer feedback ("moment-to-moment" (MTM) data) in addition to consumers' evaluation of the overall experience. By analyzing how these MTM judgments are integrated into overall evaluations, researchers can determine how the structure of an experience influences consumers' post-experience satisfaction. However, this analysis is challenging because of the functional nature of MTM data. As such, previous research has typically been limited to identifying the influence of heuristics, such as relying on average intensity, peak, and ending.
Introduction
Consider the following domains of data collection and analysis in marketing, entertainment, politics, and medicine: (i) Ad testing: Researchers examine consumers' moment-to-moment emotional responses to advertisements (Baumgartner et al. 1997; Woltman Elpers et al. 2003 to identify ways to design more effective ads (Polsfuss and Hess 1991) .
(ii) TV pilots: Television networks ask viewers to provide real-time feedback for new shows using an electronic "dial" (see www.perceptionanalyzer.com). Show producers then identify parts of the show that viewers like or dislike and fine tune the script accordingly.
(iii) Political campaigns: Undecided voters view political debates and continuously rate their reactions using a handheld dial (Kirk and Shrill 2011) . Campaign managers then use the resulting data to gauge voters' reactions to various political issues (Correll et al. 2004 ).
(iv) Pain management: Researchers continuously record the intensity of pain experienced by patients undergoing medical procedures (e.g., colonoscopy) to construct a "pain profile" (Lewis et al. 1995) and to find ways to minimize the remembered unpleasantness of the medical procedure (Redelmeier et al. 2003 ).
Each of above examples involves the collection and analysis of continuous moment-tomoment (MTM) feedback, denoted as ( ) ( )
, along with an overall evaluation y. As a concrete example, Figure 1 shows a few samples of such data, which were collected using an electronic dial in the context of TV show pilots tested by CBS that will be analyzed in Section 5.
Depending on the specific setting, the MTM measure may correspond to subjective liking (i and ii), persuasiveness of an argument (iii), or even physical pain (iv). By measuring consumers' reactions during the experience, researchers can identify parts of the experience that stand out (e.g., scenes from the show that are particularly enjoyable or parts of the medical procedure that are particularly painful). Moreover, by relating these MTM reactions to overall judgments, researchers can also determine how specific patterns and trends in the experience influence subsequent judgments and behaviors (e.g., How does the enjoyment of a show over time influence viewers' attitude towards the show? How do specific pain profiles influence patients'
willingness to repeat the medical procedure?).
[Insert Figure 1 about here]
Understanding how MTM measurements ) (t x are aggregated into an overall judgment y has important managerial implications. For instance, in the context of TV shows, if viewers systematically overweight later parts of a show, show producers can strategically tailor the script to enhance viewers' overall experiences (e.g., by shifting the funniest or most exciting scenes towards the end of the show). Similarly, in medical research, understanding how a "pain profile" is integrated into an overall pain assessment may help medical professionals adjust medical procedures to reduce patients' recalled aversiveness of the procedure (e.g., Redelmeier et al. (2003) observe that extending a colonoscopy by adding a less painful procedure at the end reduces overall pain assessment and increases the intention to return for another colonoscopy).
Estimating the statistical relationship between ) (t x and y is challenging because ) (t x is a function rather than a scalar, and thus involves functional data analysis issues (Ramsay and Silverman 2010) . Fundamentally, the biggest challenge is that ) (t x is often of very high dimensionality, or even of infinite dimensionality in the case of truly continuous measurement.
In the TV pilot show data that we analyze in Section 5, MTM dial ratings are recorded secondby-second, resulting in around 2500 measurements in each profile. The high dimensionality of ) (t x makes it difficult to accurately estimate the contribution of each moment to the overall evaluation. Further, previous research suggests that y may be related to x(t) not only through the average of x(t), but also through certain specific patterns of x(t), such as the "peak" ( ) ( max t x t ), the "trough" ( ) ( min t x t ), and the "end" (x(T)). Due to these methodological challenges, previous research has typically bypassed the difficulty of specifying a formal statistical model of how x(t)
is integrated into y, but instead has examined how y relates to summary descriptors of the x(t) function, such as the unweighted average of x(t) (Aaker et al. 1986; Polsfuss and Hess 1991; Thorson and Friestad 1989) or the "peak-end rule" (Baumgartner et al. 1997; Fredrickson and Kahneman 1993; Redelmeier and Kahneman 1996) .
In this paper, we propose a formal Bayesian functional linear model to study how MTM data are aggregated into overall evaluations. We begin by assuming that the overall evaluation y is driven by a weighted average of x(t), where the weights are defined by a weighting function h(t), resulting in an integral equation which will be discussed in detail in Section 3.1. We then approximate h(t) using a step function, and specify a random walk prior (West and Harrison 1997) on the function value at each interval. This non-parametric specification puts a "smoothness prior" on h(t), which allows us to estimate h(t) flexibly without making any a priori functional form assumptions. Next, we further extend our model to allow for the additional roles of specific "patterns" in x(t) (e.g., peak, trough). As such, our model nests existing models, such as the peak-end rule and the unweighted average, as special cases.
To ensure that our proposed approach is able to recover the weighting function h(t) and other model parameters given the available data, we conduct two sets of simulation studies in Section 4. Next, we apply our proposed method to analyze data from 3572 participants who took part in a series of TV show pilot tests conducted by CBS, a major national TV network. We demonstrate that our proposed approach outperforms alternative heuristics-based methods in a holdout prediction study. Further, our findings suggest that (i) the last quintile of the show is weighted around four times as much as each of the first four quintiles, and (ii) specific patterns such as the "peak" or "trough" do not play substantial roles in driving overall judgments in the context of TV shows.
Our paper makes two important methodological and substantive contributions.
Methodologically, we develop a formal Bayesian functional modeling approach to analyze how MTM data are integrated into overall judgments. Our approach is general enough to be directly applied to other applications that involve the collection of MTM data. Substantively, we apply our proposed method to a real-world dataset that captures MTM dial ratings from a TV show pilot test, allowing us to better understand how viewers' overall evaluation of a TV show may be improved by changing the temporal structure of the show.
The remainder of the paper is organized as follows. Section 2 begins with an overview of MTM data and functional data analysis in marketing. In Section 3, we propose a Bayesian functional linear model to analyze MTM data. In Section 4, we conduct simulation studies to ensure that our proposed model is able to accurately recover the weighting function h(t) and other model parameters. In Section 5, we apply our proposed model to analyze actual data from CBS. Finally, Section 6 concludes with directions for future research.
Background: moment-to-moment data and functional data analysis
We first provide an overview of previous research that has collected and analyzed MTM data (with a focus on marketing applications), followed by a brief review of functional data analysis.
Collection and analysis of MTM data in marketing
Marketing researchers have long been collecting and analyzing MTM data to better understand consumers' reactions to television commercials. For instance, Baumgartner et al.
(1997) used a computerized "feelings monitor" to track participants' MTM likings of a commercial, and showed that overall ad judgment is strongly correlated with the peak emotional experience and the final moment of the series. Similarly, Polsfuss and Hess (1991) collected consumers' MTM evaluations while they were viewing a commercial using a wireless handheld device. They then used the resulting data to pinpoint the "key selling seconds" of a commercial and to predict the overall liking of the commercial. They found that overall liking of a commercial advertisement is closely related to the average of MTM ratings. Finally, Ramanathan and McGill (2007) extended this research to the domain of social influences by studying how MTM evaluations of a commercial are affected by the social presence of other consumers. They found that joint consumption of an experience (as compared to independent consumption) leads to similar MTM patterns and in turn leads to more positive retrospective evaluations.
MTM data are also used to capture concepts other than subjective liking. For instance, Woltman Elpers et al. (2003) collected MTM ratings of entertainment and information value as participants were viewing a commercial, and showed that these two types of MTM ratings have a strong multiplicative effect on consumers' likelihood to continue watching a commercial. This is conceptually similar to the work by Hughes (1992) , who continuously tracked consumers' affective and cognitive reactions to measure the wearout of a commercial over time. Other MTM measures that have been collected in the previous literature include humor (Woltman Elpers et al. 2004 ), warmth (Aaker et al. 1986; Vanden Abeele and MacLachlan 1994) Teixeira et al. (2012) measured the MTM intensity of joy and surprise expressed by participants who were watching internet video advertisements. They then related these MTM emotional intensities to attention and concentration (captured using eyetracking data) as well as viewing behavior (whether the participant "zaps" the ad). Using a dynamic frailty model, Teixeira et al. (2012) found that the emotions of surprise and joy effectively concentrate attention and retain viewers. Based on these results, Teixeira et al. (2012) derived the "optimal emotion trajectories" to aid effective TV advertisement designs.
In most of the above examples, the goal of the research is to study how MTM measures (e.g., humor, liking, warmth) are integrated into a scalar dependent variable of interest (e.g., humorousness of the ad, attitude towards the ad). However, given that a standard, off-the-shelf methodology for such analysis is generally unavailable, researchers have typically relied on heuristic-based approaches such as computing the overall average or using the "peak-end" rule.
However, analyzing how a continuous function is aggregated into a scalar dependent variable is closely related to an active research area in statistics known as "functional data analysis," which suggests a more comprehensive alternative approach. We will review this research next.
Applications of functional data analysis in marketing
Functional data analysis (e.g., Jank and Shmueli 2006; Ramsay and Silverman 2010) refers to the statistical analysis of data that are in the form of functions, most commonly functions of time, i.e., ) (t x . Functional data naturally arise in many diverse setting such as meteorology (e.g., Ramsay and Li 1998) , medicine (e.g., Zhou et al. 2010) , human biology (e.g., Ramsay and Silverman 2002) , and finance (e.g., modeling of yield curves in Hays et al. (2012) ), among others. Given the wide spectrum of settings that functional data analysis covers, the analysis of functional data in different applications involves many different techniques and heuristics (see, for instance, Ramsay and Silverman 2010) . For marketing applications, the most relevant issues of functional data analysis include (i) summarizing the average and variations across functional observations, and (ii) analyzing the relationship between a function ) (t x and a dependent variable y, which can be a scalar or a function itself.
First, to summarize functional observations, the raw data are often "smoothed" before being averaged, to better account for the measurement errors in the raw data and hence produce an average estimate that is more representative of the typical functional observation (Ramsay and Silverman 2010) . For instance, Woltman Elpers et al. (2003) smooth their MTM measures of "emotional value" and "information value" using a second-degree polynomial regression before averaging across observations. Similarly, Teixeira et al. (2012) apply third-degree polynomial Bsplines as basis functions to smooth out their raw MTM measures of "joy" and "surprise". In the above cases, functional data analysis is typically used to pre-process the raw data and to conduct exploratory analysis.
The second issue, which is more closely related to the focus of this paper, involves analyzing the relationship between a function ) (t x and a dependent variable of interest y. For instance, Sood et al. (2009) use functional data analysis techniques to analyze penetration (diffusion) curves, and develop a functional regression model to predict the market penetration of new products. Their approach is based on a decomposition of the observed raw data into functional principal components, which are then used for regression and clustering. Sood et al. (2009) demonstrate that their proposed functional data analytic approach outperforms other models such as the Bass model and the Meta-Bass model. In a similar vein, Foutz and Jank (2010) propose a functional shape analysis approach to forecast box office performance of motion pictures using the dynamic pre-release price patterns from virtual stock markets (e.g., the Hollywood stock exchange). Their proposed method automatically identifies a small number of specific "shapes" (which are essentially the functional principal components) from the prerelease price patterns, and uses these shapes to predict box office revenue. Functional data analysis has also been applied to the study of online auctions, where it has been used to model price dynamics and to forecast the winning bid (e.g., Reithinger et al. 2008; Wang et al. 2008) . In some cases, the dependent variable can be a function itself. For instance, Aaker et al. (1986) assessed the validity of the MTM warmth measures by correlating them to a continuous functional measure of physical skin response.
Note that much of the aforementioned research primarily has a predictive focus. More specifically, although the above research also attempts to understand the relationship between a function and a scalar, it does not directly speak to how MTM measures are integrated into a scalar measure; rather, the focus is often to identify the major source of variations across the functional observations (i.e., functional principal components) and then relate those features to the scalar dependent variable through a regression framework.
In light of this brief review of the previous literature, we can now specify the key methodological and substantive contributions we intend to make with this paper. First, we develop a general Bayesian methodology to study how MTM data are integrated into an overall evaluation. This provides an "off-the-shelf" method that researchers can directly use to analyze the aggregation of MTM measures into a scalar dependent variable of interest. Second and substantively, we apply our method to analyze MTM data from participants in a TV show pilot test. TV shows are of course much more complex and longer lasting than the commercials typically examined in previous studies, which results in findings that are substantially different from those found in previous research, as will be discussed in detail in Section 5.
Analysis of moment-to-moment data using a Bayesian functional linear model

Bayesian Functional Linear Model (BFLM-I)
In this section, we develop our Bayesian functional data analysis approach to analyze MTM data. Since we will be applying our methodology to analyze dial data for TV pilot shows in Section 5, we use the terminology of TV shows when describing our proposed method. As discussed earlier, our proposed model can be applied to other MTM data that are collected in marketing research.
Notations and time normalization
Throughout this paper, we use the following notations. i (i = 1,…, I) indexes respondents,
) indexes the time during which the i-th respondent is viewing a TV show. Thus,
denotes the value of the dial data for the i-th respondent at time t; we assume that 0 ) ( ≥ t x i for all t. In the context of TV pilot testing, ) (t x i refers to the MTM subjective liking of the TV show at time t. In most applications, ) (t x i is measured either continuously or at a very high sampling frequency (e.g., second-to-second). i z denotes the show that the i-th respondent watches (in the empirical application in Section 5, a total of 19 shows are being tested). Finally, i y denotes the overall rating given by the i-th respondent at the conclusion of the experience (i.e., an overall evaluation of the TV show).
We first normalize all i T to 1 following James et al. (2009) . Therefore, t refers to the inshow time relative to the duration of the show, rather than absolute time, that is, t = 0.5 at the 30-minute mark of an hour-long TV show. Our choice to analyze MTM data with respect to relative time instead of absolute time is based on both technical and theoretical considerations. First, by normalizing all i T to 1, we have essentially "registered" or aligned each dial profile to the same
, which is an important and necessary pre-processing step for functional data analysis procedures (Ramsay and Silverman 2010) . Further, previous research on MTM data has typically found that participants demonstrate "duration neglect" (e.g., Baumgartner et al. 1997; Fredrickson and Kahneman 1993; Schreiber and Kahneman 2000) , i.e., the total duration of the experience typically does not have a significant effect on overall evaluation, which further supports scaling all experience to a common time domain, and thereby conducting statistical analysis based on relative rather than absolute time.
A functional linear model framework
The main goal of our analysis is to understand how MTM data ) (t x i are aggregated into an overall rating i y . We begin with a functional linear model (Cardot et al. 1999 (Cardot et al. , 2003 ) that links i y to the functional inner product of ) (t x i and a coefficient function ) (t h : 
As can be seen in Equation [2], we are modeling the overall rating i y through a weighted temporal average of ) (t x i , defined by the "weighting function" ) ( * t h , which is itself a probability distribution function as it integrates to 1 (Casella and Berger 1992 
gives the same likelihood as h(t).
all t. Thus, the current approach nests unweighted averaging (e.g., Aaker et al. 1986; Polsfuss and Hess 1991; Thorson and Friestad 1989) 3 Another more fundamental concern is that such an approach does not take into account the natural ordering of the indexes s which results from the functional nature of the data (Cardot et al. 2003; Hastie and Mallows 1993) .
More specifically, there is no reason for ) (t h to have huge discrete jumps over time, but such prior domain knowledge is not reflected here.
Thus, in the context of our Bayesian framework, the under-determination of ) (t h suggests that it is necessary to specify an informative prior distribution on h(t). In the discussion below, we motivate our choice of an appropriate prior specification on h(t) by reviewing two (frequentist) approaches that have been proposed in the previous literature: the "basis approach" (Ramsay and Silverman 2010) , and the "penalization approach" ).
First, under the "basis approach," the coefficient function ) (t h is assumed to be represented by several basis functions, i.e.,
. By representing ) (t h using a finite basis, this approach circumvents the aforementioned high-dimensionality problem. The most common choice for basis functions is the set of Fourier basis functions (e.g., Muller and Stadtmuller 2005) . For instance, in Ramsay and Silverman (2010, p.264) , a Fourier basis is used to model the relationship between annual precipitation and temperature profiles. Here, the Fourier basis seems to be a logical choice because of the underlying stationarity and periodicity in the seasonal variation in temperature. However, this does not seem appropriate in most MTM data collected in marketing research, where periodicity is usually less relevant. Second, the "penalization approach" works by minimizing a penalized objective function that incorporates both fit to the observed data and some penalty associated with certain aspects of ) (t h . This approach is very closely related to the idea of putting a prior distribution on ) (t h to represent prior knowledge, and the idea of "complexity control" in machine learning (Evgeniou et al. 2007 ). The most common form of this approach penalizes a function based on the second derivative of ) (t h , which corresponds to encouraging smoothness in the coefficient function, resulting in a penalized b-spline approach (e.g., Cardot et al. 2003) . Given that, in our application, ) (t h represents the weight that consumers apply to the experience at time t, it is reasonable (from a psychological perspective) to assume that h(t) does not have any rapid jumps or discontinuities, which justifies incorporating smoothness into h(t). We develop a parsimonious Bayesian approach that directly incorporates smoothness over time, allowing us to accurately estimate
We propose the following Bayesian approach based on a random walk prior (West and Harrison 1997; Choi et al. 2010) . Following the approach in the previous literature (Cardot et al. 2003; James et al. 2009 ), we first divide the time domain
into a fine grid consisting of M equally spaced intervals, where the j-th interval is denoted as
. In both the simulation studies in Section 4 and the empirical application in Section 5, we take M = 100. Thus, ) (t h is now approximated by a step function, which takes the value of j q > 0 in the interval T j . Given the step-function approximation, the integral ∫ 
Similar to the penalization approach, the random walk prior specification discourages (or penalizes) rapid changes in ) (t h and encourages it to vary smoothly over time (e.g., Choi et al. 2010) . In addition, all the conditional priors are Gaussian, allowing for efficient conjugate computations.
We formally specify the BFLM-I model through Equations [3]- [7] as follows:
[5]
Note that in Equation
denotes the indicator function which takes the value of 1 if j T t ∈ , and 0 otherwise. This model of ) (t h is a special case of a Gaussian process (e.g., Rasmussen and Williams 2006) where (for large M) the mean and covariance function are given by Equation [7] . To complete our Bayesian model specification, we specify conjugate, weakly informative priors on all other model parameters (Gelman et al. 2003) . ) we have assumed that the overall rating y i is driven only by the weighted aggregation of MTM dial ratings ) (t x i . Previous literature in psychology and in marketing (e.g,. Ariely 1998; Baumgartner et al. 1997; Fredrickson and Kahneman 1993; Kahneman et al. 1993; Varey and Kahneman 1992) has often argued that the overall rating y i is not only driven by the temporal aggregation of ) (t x i but also by specific patterns of ) (t x i that are not (directly) related to time t. For instance, as discussed earlier, Baumgartner et al. (1997) showed that the overall evaluation of an advertisement is dominated by the peak emotional experience as well as the final moment of the advertisement. Redelmeier and Kahneman (1996) showed that retrospective judgments of pain are strongly correlated with the peak intensity of pain and with the intensity of pain recorded during the last moments of the procedure. In a similar vein, Woltman Eplers et al. (2004) found that the overall perception of the humorous nature of a commercial is driven primarily by the peak moments in terms of surprise and humor.
To capture the additional role of specific patterns, we now extend the BFLM-I model by generalizing Equation [3] as follows: 
capture the role of specific patterns (e.g., peak, trough) that are represented as a function of ) (t x i . Specific patterns that are considered in previous research include the peak, trough, beginning, end, and trend/slope (e.g., Ariely 1998; Baumgartner et al. 1997; Schreiber and Kahneman 2000) . Among these patterns, the "beginning" and "end" patterns are related to time and can thus be captured by the time-dependent weighted average and the weighting function ) ( * t h ; we therefore focus on capturing the effect of the "peak" and the "trough" in our model. Capturing the trend/slope is discussed in Section 6 as a future research direction.
We represent the peak of the MTM dial data ) (t x i with the following functional (as depicted in the top panel of Figure 2 ):
[Insert Figure 2 about here]
That is, the peak measure of MTM dial data ) (t x i is defined as the average dial rating within a time window centered on the time point where the maximum dial rating occurs. 5 The length of the time period around the peak during which the peak functional is computed, which we refer to as the bandwidth parameter, is represented by P λ . We assume that P λ is unknown and sample from its posterior distribution along with other model parameters. Thus, another important feature of our modeling framework is that the definitions of specific patterns are also data-driven, which provides some insight into how patterns should be defined. To reflect the prior knowledge (or intuition) that the "peak" should represent only a short duration around the maximum dial rating, we specify a Gamma(10, 0.001) prior distribution on P λ . This prior distribution has a prior mean of 0.01, corresponding to 1% of the show, which is around half a minute, and puts more than 99% of the prior density on P λ being smaller than 0.02 (i.e., 2% of the show, which is about a minute).
We similarly define the trough functional as follows (depicted in the bottom panel of Figure 2 ):
5 An alternative operationalization of "peak" measure is to compute a sequence of moving averages (each with width P λ ) of the dial rating, and define the "peak" as the maximum of such moving averages. This definition is much more computationally intensive; we leave it for future research. 
where
[13] given weakly informative truncated normal distributions with mean 0 and variance 100 2 . As before, we sample from the posterior distribution of all model parameters using a standard MCMC procedure (Gelman et al. 2003) , which was coded in C++; the details of our computational procedure are described in the Appendix.
Simulation study
We conduct two sets of simulation studies (for the BFLM-I and BFLM-II models, respectively) to ensure that our proposed methodology is able to accurately recover all model parameters (in particular the weighting function h*(t)), given the amount of data available in the dataset used in our empirical application in Section 5. More specifically, in the two sets of simulation studies below, we take ) (t x i to be the dial ratings we obtained from I = 3572 participants in the actual dataset that we will analyze, and simulate overall ratings y i using a set of known model parameters and different specifications of the weighting function h*(t).
Simulation study for BFLM-I model
We conduct six different simulations, each using a different weighting function h*(t). In Figure 3 . In case 1, participants weigh each moment within the show equally, i.e., 1 ) ( * = t h for all t. Case 2 represents the situation where participants weigh the beginning of a show more heavily than other parts (Blacker 1998) [Insert Figure 3 about here]
The estimated model parameters, along with their posterior 95% intervals, are shown in Table 1 . The estimated weighting functions ) ( * t h are shown in Figure 3 , along with pointwise 95% posterior intervals. As can be seen in Table 1 , in each case our methodology is able to accurately recover all model parameters and the posterior means of the model parameters are very close to the known true value, which always falls within the 95% posterior intervals.
Further, Figure 3 suggests that our proposed approach is also able to recover the weighting function ) ( * t h reasonably well given the data in our empirical application.
[Insert Table 1 about here]
Simulation study for BFLM-II model
For the BFLM-II model, we use the same set of true parameter values and, in addition, we set the bandwidth parameters for the peak and trough patterns ( P λ and R λ , respectively) to be both 0.01, which specifies that, as discussed earlier, the peak (trough) rating is taken to be the average of the dial ratings during the 1% of the show centered around the max (min) value.
Further, we set the coefficients for peak and trough to be 01 . 0 Vegas. In addition to testing TV shows, the CBS research facility has also been used to test commercials, websites, and other technology-based products including the Apple iPhone and Dell notebook computers. Participants are interested volunteers. They do not receive financial compensation for participating in the TV show pilot study.
[Insert Table 3 about here] A total of 3572 participants took part in the TV pilot tests, with each participant watching only one pilot show that lasts, on average, around 45 minutes. While participants were watching the TV show, they recorded their MTM liking of the show on a 0 to 100 point scale using an electronic dial system (0 = "wouldn't watch it or turn off the TV," 50 = "neutral,"100 = "extremely interested"). This procedure is analogous to MTM measures used in prior marketing studies, such as electronic dial ratings to indicate affective reactions to a sequence of pictures (Pham, Cohen, Pracejus, and Hughes 2001) , continuous computer mouse movements to indicate feelings elicited by a commercial (Baumgartner et al. 1997) and continuous adjustments of a slider scale to indicate enjoyment of a music video (Nelson, Meyvis, and Galak 2009) and to enter into a drawing with a chance to win a home-theater system, before they are thanked and dismissed. However, our observed mean patterns over time are much more complicated than those shown in Baumgartner et al. (1997) , which is to be expected given that TV shows are richer and more layered than the 90-second commercials studied in Baumgartner et al. (1997) .
Next, Table 3 shows the average MTM dial rating (computed by averaging across participants and across time) for each TV show, along with its average overall evaluation across participants who viewed the show. As expected, at the show-level, the correlation between average dial rating and overall evaluation is positive and statistically significant (r = .857; p < .001), providing some face validity for the MTM measurements.
[Insert Figure 5 and Table 3 about here]
We now turn to the individual-level summary statistics in Table 4 . As can be seen, the mean overall evaluation is 3.59, with a standard deviation of 1.17. Across participants, the mean of the average MTM dial rating is 66.40, with a standard deviation of 19.95. As discussed earlier, we also compute three important features of each dial profile: the peak (maximum dial rating), the trough (minimum dial rating), and the end (final position of the dial). Across all participants, the peak, trough, and end are, on average, 91.34 (sd = 14.03), 25.42 (sd = 20.34), and 64.63 (sd = 27.95), respectively. Further, Table 5 presents a correlation matrix that explores the relationships between overall evaluation, average rating, peak, trough, and end. As can be seen, the overall evaluation is most strongly correlated with the average dial rating (r = 0.71), followed by the final dial rating (r = 0.56), the trough (r = 0.47) and the peak (r = 0.44); all of the four correlations are statistically significant (p < .001).
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[Insert Table 4 and Table 5 about here]
Empirical results and comparison to benchmark methods
We apply our proposed BFLM-I and BFLM-II models to the CBS TV show pilot testing data and compare the fit of our models, both in-sample and out-of-sample, with several benchmark methods used in the previous literature. We conduct two sets of analyses: (i) applying our models on all data, and (ii) a holdout prediction study where we calibrate our models with a training dataset of 3172 participants and then test them on a holdout sample of 400 participants.
7 Note that one explanation for the strong positive correlation between the overall rating and the "end" dial rating is that the final dial rating is likely to be the most salient to decision making and thus dominate evaluations, which attributes the observed correlation to measurement artifacts. This "recency effect" explanation has been assessed by Baumgartner et al. (1997) , who also collected a delayed measure of overall rating and obtained similar results.
The holdout sample is randomly selected from all 3572 participants, with each participant having an equal probability of being selected. (v) Peak-end rule (unequal weights): We also consider a generalization of (iv) where unequal weights are allowed for the peak and end ratings:
(vi) Peak, end, and trough: The overall evaluation of y is modeled as a linear function of the maximum, minimum, and final position of the dial rating:
The estimated parameters for each of the six benchmark models (estimated using all data) are shown in Table 6 . As can be seen, model (i), with the unweighted average dial rating as covariate, has a higher R 2 value than the other models that use specific patterns as covariates.
Among models (ii)-(vi), the coefficient for peak and end are always positive and statistically significant. Interestingly, the result of model (iv), which constraints peak and end to have the same coefficient, is very similar to that of model (v), which allows for different coefficients for peak and end. The estimated coefficients for peak and end in model (v) are almost identical, providing some support for the previous literature, which assumed that peak and end carry equal weights (e.g., Fredrickson and Kahneman 1993; Redelmeier and Kahneman 1996; Varey and Kahneman 1992) .
[Insert Table 6 about here]
The fit of each benchmark model in terms of both in-and out-of-sample MSE, together with the results of BFLM-I and BFLM-II models, are shown in Table 7 . Table 7 clearly indicates that both our proposed BFLM-I and BFLM-II models provide superior in-sample (0.630 and 0.629, respectively) and out-of-sample MSE (0.667 and 0.669, respectively) compared to all other methods. Among the six benchmark models, the temporal aggregation model (i) performs better than the methods that are based on heuristics such as the peak-end rule. Given the complexity and multi-layered nature of modern TV shows (Johnson 2005) , this result is consistent with Ariely and Zauberman's (2000) finding that overall judgments of segmented (rather than unified) hedonic experiences rely more on the average intensity of the experience and less on specific patterns. This hypothesis is further supported by the observation that the predictive performance of the BFLM-I model and the BFLM-II model is virtually indistinguishable, indicating that the addition of peak and trough patterns in the BFLM-II model only seem to improve model fit marginally.
[Insert Table 7 about here]
Next, we turn to the parameter estimates for the BFLM-I model. The posterior mean estimate for α is 0.891, with a 95% posterior interval of (0.332, 1.422). The posterior mean estimate for β is 0.040, with a 95% posterior interval of (0.032, 0.048), indicating that, as expected, the overall evaluation is significantly related to a weighted average of the dial ratings.
The posterior mean of the normalized weighting function ) ( * t h is shown by the solid line in [Insert Figure 6 about here]
Finally, we turn to the parameter estimates of the BFLM-II model, which are shown in Table 8 . Interestingly, while previous research has argued for a peak-end rule, we show that -at least for TV shows -the end indeed matters a lot but the peak does not. In fact, the low point (trough) is a better predictor of overall evaluations than the peak. Further, the relative importance of temporal aggregation versus patterns stands in sharp contrast with the results obtained by Baumgartner et al. (1997) , who find that the peak-end rule has excellent predictive performance in the context of TV commercials. However, unlike TV commercials, TV shows are quite complicated and multilayered. Since overall evaluations of segmented experiences tend to rely less on patterns and more on average intensity (Ariely and Zauberman 2000) , this difference between the stimuli may explain the absence of a peak effect. Then again, this does not imply that the TV pilot viewers simply ignored the pattern of their experience over time, as they did assign substantially greater weight to the final quintile of their experience. As such, our analysis highlights that the relationship between moment-to-moment ratings and overall evaluation can be quite nuanced and highly dependent on the context.
[Insert Table 8 Figure 7 ) is very similar to that of the BFLM-I model shown in Figure 6 . We again find that the last quintile of the show is around four times as important as each of the first four quintiles. Finally, we note that because of the small magnitude of 1 γ and 2 γ , the estimates of the "bandwidth" parameters P λ and R λ are heavily "shrunk" towards their corresponding prior means because not much information about these parameters are available in the data, a natural consequence of our Bayesian framework (Gelman et al. 2003) . As can be seen in Table 8 , both posterior means of P λ and R λ are around 0.011, which is very close to the mean of their prior distributions (0.01).
[Insert Figure Two sets of simulations studies confirmed that our approach is able to accurately recover model parameters and the weighting function ) (t h , given the amount of data that we have in the actual dataset. We then applied the BFLM-I and BFLM-II models to a MTM dial dataset collected from 3572 participants during TV pilot show tests conducted by CBS, a novel setting given that much of the previous literature has focused on TV commercials. We found that both BFLM-I and BFLM-II models perform better than alternative heuristic-based approaches in the previous literature, both in terms of in-and out-of-sample MSE. Further, we demonstrate that (i) the final quintile of a TV show is weighted about four times as important as any of the other quintiles, and (ii) the role of specific patterns (peak and trough) in driving overall evaluation is limited in the context of TV shows.
As the first paper in marketing that introduces a Bayesian functional analysis framework to analyze MTM data, we have only scratched the surface of this active and growing research area both in terms of methodological development and the substantive managerial insights that can be extracted from MTM data. Below, we conclude by discussing a few promising directions for future research in this area.
(i) Incorporating other patterns: In the BFLM-II model, we have focused on two specific patterns, a single peak and a single trough. Future research may look into the role of multiple peaks and troughs in the MTM data. For instance, if there is a "secondary" peak in a dial profile, how much weight would be given to it as compared to the "primary" peak? Also, does it matter when the peak occurs? Taking this one step forward, as reviewed in Section 2.1, previous research has considered the role of certain patterns that are not defined with respect to ) (t x i or t, and hence fall outside of the specification of our BFLM-II model. For instance, overall evaluation may depend on the slope of the dial profile (Baumgartner et al. 1997; Woltman Elpers et al. 2003.) Future research may consider how to incorporate these patterns, which can be defined through the first derivative of the MTM dial profile, into the functional analysis framework developed here.
(ii) Incorporating heterogeneity of h(t) across shows: A major assumption made in this paper is that the coefficient function, ) (t h , is homogeneous across different shows. While arguably a reasonable starting point of analysis, future research may consider how to further expand our modeling framework to allow for heterogeneity of ) (t h across shows. For instance, one can allow for a latent class formulation where the weighting function can be different for different genres, e.g., comedy, crime, or even allow for a fully heterogeneous specification of h(t) through the specification of a hyperprior on the coefficient function.
(iii) Optimization based on MTM data: Our results suggest that in the context of a television show, the final quintile is the most important while specific patterns have little impact on the overall evaluation. What are the implications of these findings for TV show producers, assuming that producers aim to maximize viewers' overall evaluation 9 ? First, our results imply that they should not focus on providing a particularly liked peak experience. In fact, although prior research has focused on peak effects rather than trough effects, our results indicate that the latter are more important. That is, in the context of TV shows it may be more important to avoid exceptionally disliked segments than to insert an exceptionally liked segment. However, while peak effects didn't materialize, end effects turned out to be very substantial. This suggests that show makers may want to design or customize their shows so that the best parts of the show (e.g., the best jokes, best action sequence) are left towards the end. This is similar to the insights drawn from movie scripts writers, who have long recognized that the ending of a movie is extremely important (Blacker 1998; Field 1994) .
That being said, we want to raise a note of caution regarding any studies inferring end effects based on relationships between MTM ratings and overall evaluations (including past research as well as the current study). Specifically, the stronger relationship between later MTM ratings and the overall evaluation may not only be caused by later segments having a greater impact on evaluations, but may also be due to later MTM ratings already partly reflecting overall (iv) Applications to other areas: Of course, the methodology developed in this paper is fully general and can be directly applied to other substantive areas, which includes all the areas mentioned in the introduction and in Section 2.1. For instance, our methodology can be applied to analyze the relationship between a "pain profile" and an overall assessment of pain during a colonoscopy and/or the likelihood of returning for the next scheduled screening procedure.
Similarly, our proposed method can also be used to analyze televised political debates and to help formulate campaign strategies. In summary, we hope that our paper will stimulate research in this area and provide a springboard for future research using MTM data.
Appendix: MCMC Computation
In this appendix, we describe the MCMC procedure we used to estimate the BFLM-II σ . Each step follows directly from standard Bayesian posterior computations (Gelman et al. 2003) and is outlined as follows.
1) Drawing α :
Recall that j x denotes the average value of ) (t x i in the time interval j T . α can be drawn via standard conjugate normal posterior computation (Gelman et al. 2003) , where the prior is 
2) Drawing 1 γ and 2 γ :
To sample from the full conditional distribution of 1 γ , we first compute the data quantities
, where the i-th observation has precision proportional to 
First, note that given the random walk prior specification in Equation [15] , j q has the following conditional prior distribution (see Choi et al. 2010; West and Harrison 1997) .
Next, we compute the data quantities
, which have precisions proportional to ( ) 2 j x . We then proceed with standard (truncated) normal posterior computations to sample from the full conditional distribution of j q .
5) Drawing P λ and R λ :
Because standard conjugate computations are not available for the bandwidth parameters P λ and R λ , we use a random walk Metropolis-Hastings algorithm to sample from their posterior distributions. For each parameter, we use a Gaussian random walk proposal distribution with the mean centered on the previous draw; the variance of the proposal distribution is adjusted to achieve an acceptance rate close to 50% (Gelman et al. 2003) . setting β equals to the normalizing constant. This allows us to separate the coefficient function ) (t h into a normalized weighting function ) ( * t h , as depicted in Figure 6 and 7, and the slope coefficient β . We coded the above MCMC procedure in C++, using the GSL library, and run 40,000 iterations. The first 20,000 iterations were discarded as burn-in samples, leaving the last 20,000 draws to summarize the posterior distribution (Gelman et al. 2003 . Estimated normalized weighting function h*(t) using the BFLM-II model.
